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Research on the accuracy of TM images land-use
classification based on QUEST decision tree:
A case study of Lijiang in Yunnan

WU Jian-sheng'?, PAN Kuang-yi®*, PENG Jian', HUANG Xiulan'
(1. Key Laboratory for Urban Habitat Environmental Science and Technology, School of Urban Planning
and Design, Shenzhen Graduate School of Peking University, Shenzhen 518055, Guangdong, Chinaj;
2. Key Laboratory for Earth Surface Processes of Ministry of Education, and College of Urban and
Environmental Sciences, Peking University, Beijing 100871, China; 3. Zhejiang Brigade of
Surveying and Mapping, Hangzhou 310030, China)

Abstract; The accuracy of research on land use/cover change (LUCC) is determined direct-
ly by the accuracy of land use classification derived from aerial and satellite images. In a-
nalysis of the factors of accuracy of current remote sensing image classification, some
methods were introduced to study new trends of classification modes. Some previous stud-
ies showed that the speed and accuracy of QUEST (Quick, Unbiased, and Efficient Statis-
tical Tree) decision tree classification were superior to those of other decision tree classifi-
cations.

On the basis of this approach, the research classified the Landsat TM-5 images in Li-
jlang, Yunnan province. This paper compared the result with that of maximum likelihood
image classification. The overall accuracy was 90. 086 % , which was higher than the over
all accuracy (85. 965%) of CART (Classification And Regression Tree). Meanwhile, the
Kappa efficient was 0. 849, which was higher than the Kappa efficient (0. 760) of CART.
Therefore, it is concluded that in the complex terrain area such as in mountainous regions,
the choice of QUEST decision tree classification on TM image would improve the accuracy
of land use classification.

This type of classification decision tree can precisely obtain new classification rules
from integrated satellite images, land use thematic maps, DEM maps and other field inves-
tigation materials. Simultaneously, the method can also help users to find new classifica-
tion rules in multidimensional information, and to build decision tree classifier models
Furthermore, the methods, including a large number of high-resolution and hyperspectral
image data, integrated multi-sensor platform, multi-temporal remote sensing image, the
pattern recognition and data mining of spectral and texture features, and auxiliary geo-

graphic data, will become a trend.

Key words: land use classification; decision tree; geographic auxiliary data; classification

accuracy; spectral feature



